I. INTRODUCTION
The Laboratory of Handwriting and Document Exami nations of the Hungarian Institute for Forensic Sciences in cooperation with the University of Szeged are, in a collaborative research project, trying to find out whether it is possible to automatically distinguish left and right-handed handwriting samples based on online data.
A. Previous work
Differentiation of handedness play an important role in Forensic Handwriting Identification, particularly in study ing disguises, sometimes forgeries, and in each case when taking specimens. If an expert examines lot of handwriting samples it might be necessary to distinguish subgroups of right-handed and left-handed writers. The recognition of handedness in forensic handwriting examination is mainly associated with the characteristics of left-hand writing or the unaccustomed hand [3] .
According to the classical handwriting literature, in left hand writing samples we often observe the lowest level of execution, slower speed, tendency to vertical slope or backhand, along with irregularity in spacing between letters and words. Apart from these general features there are some 978-1-4799-1805-8/15/$31.00 ©2015 IEEE
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Huber and Headrick state in their book [4] that in practice the above general features did not prove to be consistent. The authors pointed to the examination of the direction of horizontal strokes applied over a long time. The latest studies also provide convincing data concerning this feature [2, 7] .
Saran et al. in [7] showed that right-handed people write horizontal lines from left to right most of the time (99.51 %-100%), while left-handers write 68.75-82.69% of these strokes from right to left.
Algorithmic approaches have been introduced in the last decade as well. Bandi and Srihari [1] performed demo graphic classification on offline data, determining binary classes (e.g. gender, age, handedness) based on bagging and boosting, which make use of a combination of neural network classifiers using up to 11 features.
Liwicki et al. [6] automatically detected gender and handedness from online handwriting and conducted the experiments on the lAM On-DB [5] (which we employ in our experiment as well). For classification, 29 features and both an SVM classifier with different kernel functions (linear, radial bases, sigmoid and polynomial) and Gaussian Mixture Model (GMM) were applied.
Here we present a method that is based on horizontal line detection using online handwriting data. Our intention is to avoid using only significat features and create a classifier that is based on the FHE method. In Section II the methodology and forensic background of the examination are explained, while in Section III the algorithm is described in detail. In Section N the results of applying the method are presented, then in Section V we conclude our observations and outline research plans for the future.
II. METHODOLOGY
Our present efforts for automatization are based on the de tection of the principal characteristic of handedness, namely the direction of isolated horizontal strokes. By stroke we mean all points between two pen lifts.
In our approach isolated horizontal strokes/lines are the following: 1) crossings of the letters A, E, F, H, I, T, f, t. (There are fewer strokes in the cursive writings.) 2) other punctuation marks such as dashes -, hyphens or negative signs -, and underlines, deletion lines.
The direction of strokes is observed through a stereomic roscopic examination by forensic handwriting experts. In contrast, we conducted our experiments on the lAM On Line Handwriting Database (using the X , Y coordinates and timestamp), which is available on the website of Universitat Bern I after registration for research purposes.
The database consists of 1568 handwriting samples taken from 196 authors, 177 of which are right-handed and 19 are left-handed, whose ratio is similar to that for the general population. Handwritten English texts were acquired on a whiteboard in online and offline format. It can be used to train and test handwritten text recognizers and to perform writer identification and verification experiments [5] .
III. AL GORITHM
Here we present a detailed description of our handedness detection system. The method first reads the handwriting sample to calculate some statistics. Each handwriting sample consist several strokes, where each stroke consist points between two pen lifts. Table I contains the variable names and the description of these statistics. After the statistical values above have been determined, the method again reads the data stroke-by-stroke and for each stroke determines values which characterize the stroke statistics, given in Table II. The slope was calculated for each consecutive point pairs within a stroke using the
formula. The average slope and deviation of the slope were compared with thresholds to determine whether a stroke can be considered horizontal or not. In handwritings we can hardly find stroke which lies perfectly on a line, so we found it reasonable to allow of a small deviation of slope values within stroke.
The diagonal length of the boundig box (act_diag) was applied to determine whether the stroke is short.
Using these statistical values the right-to-left and left-to right horizontal strokes are detected for each sample based on the following conditions.
If a particular stroke diagonal length (related variable name is act_diag) lies between a quarter of the average diagonal length for the entire sample (avg_diag) and the average diagonal length, then the stroke is classified as short (but not as short as dots). If it is short it is examined further to decide whether it is a horizontal stroke or not.
If a stroke fulfills the condition act_dev_slope < DL and I act_avg_s lope I < HL it is classed as horizontal stroke. Here, DL refers to the slope deviance limit and HL refers to the slope horizontal limit, which are two parameters of the procedure.
The conditions 1) act_dev_slope<DL is a constraint for the devi ation of the slope, which ensures that the particular stroke almost lies on a straight line. 2) I act_avg_slope I <HL is a constraint for the ab solute value of the average slope, which ensures that the particular stroke is nearly horizontal.
After a horizontal stroke is detected, based on the starting and end points (in the figures, Figure 1 for instance is marked by 0 and. respectively), the direction of the stroke is determined to decide whether it is from left-to-right or right-to-left. Figure 2 represents a right-handed sample with 16 de tected left-to-right horizontal strokes (thick lines marked in red). Figure 3 is a left-handed handwriting sample with 13 detected right-to-Ieft horizontal strokes (thick lines marked in blue).
A. Majority voting (MV)
If one or two horizontal strokes were detected or the number of the two different horizontal stroke types are equal, the decision is inconclusive; otherwise the decision is based on majority voting.
The method described above is sketched out in Algorithm 1 using pseudo code.
B. Left-condition (Le)
Based on latest studies [2] , we decided to apply an other constraint. If a sample contains right-to-Ieft horizontal strokes it most likely belongs to a left-handed writer, re gardless of the number of left-to-right horizontal strokes. However, as the automatic horizontal stroke detection we applied is not perfect, sometimes there is false horizontal stroke detection (a false positive).
In addition to majority voting, we made some modifica tions to Algorithm 1 and added another condition: if more than 2 right-to-Ieft horizontal strokes are present in the sample, the writer is classified as left-handed.
As regards samples taken from the same person, the classi fier should give consistent results (see Figure 4 , RH and LH indicate right-handed and left-handed samples, respectively). If the recognition of handwriting details attains a sufficient level in the current application, the basis of the evaluation could be the fact of whether the sample being examined contains separate horizontal lines in the left direction.
Figures 5 and 6 represent two samples with only one horizontal stroke, which leads to inconclusive decisions. Figure 7 represents another sample which contain misde tected horizontal strokes and includes left-to-right and rightto-left directions as well (referred to as mixed direction of strokes). 
IV. EXPERIMENTS AND RESULTS
The dataset contains online information about handwriting samples in xml format. Each stroke is stored separately in a <Stroke> node. Each stroke contains the list of points between two pen lifts in <Points> nodes in temporal order. Each <Point s> node has three attributes: the x, Y coordinates and the related timestamp. Altogether the dataset consists of 1568 handwriting samples which contain the writer identification number, so for these samples the hand edness of the writer is known.
Since the method does not require training as supervised learning technics (e.g. SVM, HMM), we evaluated the classifier on the entire dataset. As mentioned previously, our classifier can distinguish three classes, namely right-handed, left-handed and if insufficient information is available about the sample (e.g. not enough horizontal lines), the classifier produces an inconclusive result. The two threshold parame ters of the method (DL and HL) were tuned experimentally and were each set to 0.6. 
p��'" � <:'<><A.\.J. � ",w. "<>.\f\l. The summary tables have 3 rows for each class, and 2 columns for right-handed and left-handed samples. Table III lists the classification result when majority voting  was used, Table IV shows the accuracy scores in the case where a sample contains at least 2 right-to-Ieft horizontal strokes; then the writer is considered left-handed (we refer it as LC or Left-Condition). RH and LH indicate right handed and left-handed samples, respectively. In the row of correctly classified cases and incorrectly classified cases the sum represents the result. The first term of the sum is the number of samples including horizontal strokes in only one direction (for right-handed writer samples it is left-to right), the second term represents the number of samples that include both left-to-right and right-to-Ieft directional horizontal strokes. In addition to automatically finding horizontal strokes, further difficulties arose from the fact that the samples contained only a few sentences with different content. For writing samples with an insufficient number of horizontal strokes (not found or only with other writing formations) the result was inconclusive.
In a detailed analysis of the reasons why we sometimes incorrectly classified writings, samples revealed that some letters, especially the letter s and sometimes the letters a, 0, d were written with pen lift and hence it contained an extra horizontal line (see Figure 7) . For example when a right hander writes the finishing line of the letter s, the direction of the movement is right-to-left according to the copy-book style. These extra elements therefore cannot be considered indicators of handedness.
Some wrong decisions originated from the exceptions to the handwriting motion rule we applied in this experiment (for example in MV 8 cases among 31 incorrect decisions).
Using the above-mentioned approaches, Table V shows the best performance scores for each method. The approach outlined in [8] is not comparable with our method because their way of handedness detection is based on letter discrim inatory capability.
Y. CONCLUSION AND FUTURE PLANS
Summarizing our results, we developed a method for handedness detection based on forensic handwriting know ledge. The results are promising and competitive with the most of the methods described in the literature [1, 6, 8] .
With the application every starting point and end point in the pictures of online writing samples becomes clear. This facilitates further objective expert observations and the verification of the handwriting motion hypothesis after taking into account those handwriting samples that did not yield a result with the automated method in this phase of our research.
As a future plan we would like to develop our metho dology, by improving the recognition of horizontal lines, examining smaller parts of the strokes and adding other significant features to reduce the number of inconclusive cases. This improvement might lead to apply new parameters and fine-tuning them by training.
Our long-term plan is to create a representative online Hungarian dataset that considers not only handedness but also gender, age, and education level; and also to develop a useful module for forensic experts.
